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CNFN Neuromorphic Computing - Why mimic the Brain?

Istituto Nazionale di Fisica Nucleare

" In-Memory Computing. Co-location of processing and storage

Traditional Von Neuman computing. The cost of data movement Brain. Closely tied processing-storage,
ighyparle
Addition of data 1x Dl:”:l ... .
s EREI=T1 X
ccess data (onchip 60x DI:”:' ... euron
cache)
Access data (offchip 3500x Processing Storage Synapse

RAM)
Sze et al, IEEE Custom Integrated Circuits Conference (2017)

= Sparse, distributed information encoding through spikes

Output neuron

= Asynchronous, event-based computation relying on spikes time  mputneuron;

= Local learning rules
= No costly back-propagation

High energy efficiency, real-time processing,
incremental learning




INFN Spiking Neural Networks Applications

Istituto Nazionale di Fisica Nucleare
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Ideal for edge Computing, on-sensor

I
. . . | Onspikes
processing, dataflow applications \ | '
u‘ ‘\input=1 | B(n=1,p=1)=1 Tj 2 "
o I N .
" Any InPUt can be enCOdEd as st e i T_LLT—; 5 L —_———pt Onspikes + off spikes
Sp | kes Z!O“gt"_‘z ﬁert P p—— Each feature correspondstoa

e codingi e parameterize a binomial single spike. The intensity of
time-first, distribution, whichis then

I

| the feature determines how
before spike : sampled from to determine

I

fast the spike occurs. Options
forlinear or logarithmic firing
times are available.

= Particularly effective when
input is already sparse, event-
based or is acquired as a time

_Jfr_+t

whether or notaspike occurs
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Si Pixel Sensor
sequence » )
= |dentify interesting applications in physics . i il

(particle physics sensors, anomaly detection, event
cameras, time series data ...) =




INFN What we are working on

Istituto Nazionale di Fisica Nucleare

Multi-node FPGA system Our target

» Modular, scalable and reconfigurable = Accelerator platform for Spiking NN
neuromorphic architecture

Edge and dataflow applications in
physics experiments
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Istituto Nazionale di Fisica Nucleare

Multi-node FPGA system Our target

» Modular, scalable and reconfigurable = Accelerator platform for Spiking NN
neuromorphic architecture

Edge and dataflow applications in
physics experiments

= Support for biologically realistic neuron = Neuroscience simulator
dynamics for specific use cases
= Support for multi-compartment neuron models Explore application of novel
bio-inspired Al

= Deterministic, reproducible results
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INFN What we are working on

Istituto Nazionale di Fisica Nucleare

Multi-node FPGA system

= Modular, scalable and reconfigurable
neuromorphic architecture

= Support for biologically realistic neuron
dynamics

= Support for multi-compartment neuron models

A B C
Wakefulness (AA) NREM sleep (Al)

Internal priors / Apical
Higher hierarchy input/ signalling:
Inter-areal signalling Missing ignored
Temporal contextual
\ coincidenceof | coincidence
\ \
] )
[ '
\ l [ l \
’ )
{ \ {
Local signalling ) . ‘ )
' and/or and/or
Sensorial input / Reduced
External world / sensorial
Lower hierarchy input input

lI | —

High-frequencybursts  Non bursting activity Slow Waves activity

Our target

= Accelerator platform for Spiking NN

Edge and dataflow applications in
physics experiments

= Neuroscience simulator
for specific use cases

REM Sleep (AD)

Explore application of novel
bio-inspired Al

Spiking driven
signalling. Focus On
Simplified two-compartment neuron
- with calcium dynamics capturing brain-
S state specific apical-amplification, -
Reduced o . . o
e isolation and —drive Pastorelli et Al. 2025
Wake-like activity 8


https://doi.org/10.3389/fncom.2025.1566196
https://doi.org/10.3389/fncom.2025.1566196
https://doi.org/10.3389/fncom.2025.1566196
https://doi.org/10.3389/fncom.2025.1566196

CNFN Architecture Design - Workflow and Tools

Istituto Nazionale di Fisica Nucleare

= SystemC (C++ based event-driven) architecture simulator
= Validate and test architecture functionality
= Modelling multi-FPGAs communication delays
= SystemC allows higher or lower levels of abstraction (TLM, RTL-like)

= Catapult High Level Synthesis (HLS)
Caapn s = Direct transition from high-level simulator to RTL

= Benefits: high level language, software emulation mode, early
estimates on latency/throughput and FPGA-resources consumption
RTL . . .
- relatively easy validation, reprogrammability, and debug

High level SystemC

simulator

A T g = Catapult HLS, over Vitis HLS
| = Supports SystemC Synthesis
= Vitis HLS C++ Software Emulation is not intuitevily applicable

l FPGA bitstream to a multi-FPGA simulation model

=  SystemC RTL-like flexibility is useful to model architectural details
FPGA such as synchronization and feedback between hardware blocks

Workshop sul Calcolo nell'INFN  26-30 May 2025




CNFN Architecture Design

Istituto Nazionale di Fisica Nucleare

INFN Comm. IP = Direct network of interconnected FPGAs

FPGA  [RouTing IP FPGA  [Rrouting P = Baseline topology assumption: 3D Torus

0 - = Relying on internal INFN Communication IP for low-

(@] Ty =z . . . .
I"IL?_Z; 2 | = = \N(‘va\ sal | & |I-|:|CT):TR latency inter-node and intra-node communication (< 1
EACE # | & A orkIP ORKTPN_ |7 Sl Bl Face us for up to 1 kB packets)

el = Node = FPGA
Forts 4 0 rods 1 = Inter-node and intra-node communication between

HLS \ HLS AN computing task)

AN
URO- NEURO- NEURO- NEURO-
CORE CORE CORE CORE

= NEURO-CORE

= Core architectural component, containing a set of
neurons

= Exchanges spikes and barrier synchronization
messages with other Neuro-Cores through the INFN
Comm.IP

= Developed with High Level Synthesis (HLS) tools

= Switching to lower level VHDL if needed for
performance of critical blocks

10



INFN Architecture Design

Istituto Nazionale di Fisica Nucleare Sync |Dpre
Y Lo —— —
| 0 | Time | IDcore | IDw | 1Dy | spike
INFN Comm. IP o
. Comm. IP | 1| Time |1Dcore | | sync "
FPGA FPGA
el (L ROUTING IP Synaptic Memory
2 v — fanout | IDpre | O
HOST o) g 1 5] 5 ) HOST i Synaptic
o g W W © o i INTER > IDpost|delay| weight [--=YNap
INTER g |9 =2z = DDR Dpost delay| weight|  92t2
- z 41 ORKIP ORKII w O 5 post delay| weig
FACE £ \Q S FACE
token - ,
TNTRANODE N\ |Dpre >addrmem N 192b A fanout | IDpre 1
PoRTs 4 'NmE Distribute Synaptic data/Start token |
0 - Dpre 326 7
HLS \ HLS N\ out lane 0 *1 soe * k Efanout 14p ! [ delay 2 axonal [dendritic |
— ‘weight 32b © D
URO- NEURO- NEURO- RO o IDpost -> Dnr| (Dpost > Dnr| ¢ e  |Dpost-> Dn Edelagy b post
CORE CORE CORE IDpost 28D | 'DW| IDn |'Df | |ID_comp|
E E e E E... E E " Compartment
: e P P L Buffer, r .
S S, P Pl ‘ Apical /| Soma
Round | L S ) s .
Robin ‘ | b X
77777777777777777777 - /«l 2o t " oo
E E 3 . tk+MaXDe|ay k+M tk+MaxDe|ay
Wo W4 Wi euronReceptor”
Buffy,
Neuron Neuron State Memory
State Memary ‘__,,{Vm| T, | lext | lexc ||inh | | n
Neuron |, . —T, |
Dynamics — Vi: Membrane Potential
¥ spike T Refractory Period counter
lexi: External Current
Y ¥ Y linh: Inhibitory Current
| Round-Robin Arbitration | lexc: Excitatory Current
neuroAlx-Framework: design of future neuroscience simulation ... - Adaptation, etc. AdEx/CAdEXx
systems exhibiting execution of the cortical microcircuit model To :gpfe: PFr,eS‘t’"' (gl(‘l’ba')l)N;”m" '?D
. ) . : Postsyn. (local) Neuron
20x faster than biological real-time (2023) Comm. IP post y
K.Kauth et al. Inspiration for our first design 1




INFN Architecture Design — Neuro-Core

Istituto Nazionale di Fisica Nucleare

Sync IDpre
— ~ —= ~
Erom [ 0 | Time [ IDcore | 1D [ 1D, ] spike
Comm. IP | 1 ‘Time ||Dcore| | sync
64b
Modular architecture Synaptic Memory
= Neuro-Core contains Workers (Wj) ’ fanout | 1Dpre | 0
= Work tai > IDpost|delay| weight --SY(;‘:tF:lc
orkers contaln neurons DDR IDpost |delay| weight
token - -
|Dpre >addrmem < >56h . fanout | IDpre 1
Distribute Synaptic data/Start token |
MDpre” 32b
out lane 0 *1 coe + k Efars(r)eut 14b E [ delay + axonal [dendritic |
‘weight 32b ' ID
\ IDpost -> D r IDpost ->Dnr oo IDpost ->Dnr :delgy 7b . post
: . | iow| 1, [iD; || ID_comp|
'|D_posi__2§b__'
E E... E E... Compartment
P P Buffery, .
P i Apical / Soma
e i S N I t L tk
7777777777777777777 I ti+1
K ees teann
E E RE tk+MaxDelay ktM tk+MaxDelay
Wo Wi Wi euronReceptor”
Buffy
cee Neuron Neuron State Memory
State Memory, ____.{le T, | |ext||exc ||inh | |n
Neuron |. .. —1
Dynamics — Vm: Membrane Potential
¥ spike T,: Refractory Period counter
lext: External Current
Y ¥ ¥ linn: Inhibitory Current
Round-Robin Arbitration | lexc: Excitatory Current
... . Adaptation, etc. AdEx/CAdEX
To IDpre: Presyn. (global) Neuron ID
Comm. IP IDpost: Postsyn. (local) Neuron ID

Workshop sul Calcolo nell'INFN  26-30 May 2025 2



INFN

Istituto Nazionale di Fisica Nucleare

From
Comm. IP

Architecture Design - Neuro-Core

| 1 ‘Tlme ||Doore|

Modular architecture

= Neuro-Core contains Workers (W)

=  Workers contain neurons (n)
— each with multiple associated
receptors (r) to model biologically re
dynamics and multi-compartments

IDpre->addrmem <

Sync IDpre
— ~ —
[ 0 | Time [ IDcore | 1D [ 1D, ] spike

Distribute Synaptic data/Start token |

Robin | |

out lane 0

v

|Dpost -> IDn,r

IDpost -> IDn,r

9-3

i

.

¢ IDpost -> II:)n,r

|—

E

”

X4

Neurﬁ\

Dynamics

} spike E
IDneUron -> IDpre

euronReceptor”

 J

Y

Round-Robin Arbitration

Workshop sul Calcolo nell'INFN  26-30 May 2025

To
Comm. IP

| sync 64b
Synaptic Memory
- fanout | IDpre | O
> IDpost|delay| weight |- -Synaptic
DDR [Dpost|delay| weight
N fanout | ID 1
256b | e
MDpre 32677
Efanout 14b ! [ delay + axonal [dendritic |
‘weight 320 | IDpgst
delay - 7b | iow | 1, [iD; || ID_comp|
'|D_posi__2§p__'
Compartment
Buffer,,

tk+Ma)<DeIay

Apical / Soma

—

ty

ti+1

ti+m

tk+MaxDeIav

Neuron State Memory

| ,—-"{leTr||ext||exc ||inh|~~ |n

Vm: Membrane Potential

Ty: Refractory Period counter

lext: External Current
linh: Inhibitory Current
lexc: Excitatory Current

... . Adaptation, etc. AdEx/CAdEX
IDpre: Presyn. (global) Neuron ID
IDpost: Postsyn. (local) Neuron ID
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CNFN Architecture Design — Neuro-Core

Istituto Nazionale di Fisica Nucleare

Modular architecture
= Neuro-Core contains Workers (W)
= Workers contain neurons (n)

Reconfigurable

= Optimal Bit-filed sizes and parameters (Nr of
Workers, Nr of Neurons per Worker) will
depend on target application

= Synaptic Memory can be implemented as off-
chip DRAM or local BRAM, according to size of
target network connectome

Workshop sul Calcolo nell'INFN  26-30 May 2025

Sync IDpre
— =

Comm. IP | 1 ‘Time ||Dcore|

| Sync

From ¢ | 0 | Time ‘ IDCOFG‘ IDw ‘IDnl Spike

64b

token IDpre->addrmem |

Synaptic Memory

fanout | 1Dpre | O

\J

DDR [Dpost|delay| weight

Distribute Synaptic data/Start token |

outlane wq *1 coe *k

|Dpost -> IDn,r IDpost -> IDn,r e e IDpost -> II:)n,r

E

Neuron |. .l —
Dynamics —

} spike
IDneUron -> IDpre
|

Wo Wy Wj euronReceptor”
Buffy
ce e Neuron

State Memory

n

|—

4 Y

Round-Robin Arbitration

fanout| IDpre | 1

IDpost|delay| weight |- Synaptic

data

Vm: Membrane Potential

Ty: Refractory Period counter
lext: External Current

linh: Inhibitory Current

lexc: Excitatory Current

To
Comm. IP

... . Adaptation, etc. AdEx/CAdEX
IDpre: Presyn. (global) Neuron ID
IDpost: Postsyn. (local) Neuron ID

256b
Dgre 3267
Efar?cr)eut 14b E | delay 4axona| |dendritic |
‘weight 320 | IDpgst
delay  7b | iow | 1, [iD; || ID_comp|
'_|D_posi__2§p__'
Compartment
Buffer,
t“" Apical / Soma
k 1
B ty t ty
tg+1 | tk1
cos 1 N P
tk+Ma)<DeIay ktM tk+MaxDeIav
Neuron State Memory
|l [l [l |-
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CNFN Architecture Design — Neuro-Core

Istituto Nazionale di Fisica Nucleare

Sync IDpre
— - - ~
Erom | 0 | Time | IDcore| 1IDw | 1D | spike
Comm. IP | 1 | Time |IDore | | gynglght
Modular architecture [ Synaptic Memory |
= Neuro-Core contains Workers (Wj) / fanout | Dpre | 0
. > IDpost|delay| weight |- Synaptic
= Workers contain neurons (n) DR e doiay weight] 2%
R f‘ bl fanout| IDpre | 1
econ Igura € Distrintic data/Start token | 256b
: g : Dpre” 325
= QOptimal Bit-filed sizes and parameters (Nr of out lane Vi cee vk e ap | | oeley T axonal Tdenaric |
. e wei i
Workers, Nr of Neurons per Worker) will |~ |IDyest> D] [Dpost>1Dnr| + s [Dposi>0p|  [45SM 20 | 'Dprst oo
. . . IDw | 1D, |ID; || (ID_comp
depend on target application rd 5E - -'Dm--fpf-f- Compartment
: H o urrerp,r .
= Synaptic Memory can be implemented as off- ul Apical | Soma
. . . t t
chip DRAM or local BRAM, according to size BE R e e e
/« o tk+|\l1 e
of target network connectome H . fi+MaxDelay ticeMaxDelay
Wo Wi Wj euronReceptor”
Buffy
e Neuron Neuron State Memory
State Memory ____.{le T, | loxt | lexc ||inh | |n
Neuron |. .. —1 i
Dynamics | —— Vi Membrane Potential
¥ spike T,: Refractory Period counter
lext: External Current
+ + \ linh: Inhibitory Current
Round-Robin Arbitration | lexc: Excitatory Current
... . Adaptation, etc. AdEx/CAdEX
IDpre: Presyn. (global) Neuron ID
Con-lrr% IP IDpost: Postsyn. (local) Neuron ID

Workshop sul Calcolo nell'INFN  26-30 May 2025 -



INFN Dataflow

Istituto Nazionale di Fisica Nucleare Sync IDpre
—— -+ -
[0 [ Time |Deore | IDw [1D, | Spike <
From
Comm. IP | 1 |Time ||Dcore| | sync

64b
| Synaptic Memory

Spike input

- fanout | IDpre | O
> IDpost|delay| weight |- -Synaptic
DDR IDpost delay Welght data
= Characterized by ID of pre-synaptic neuron
. tok _ -
who sent it oren Dpre>addimen |« o fanout | Dpre | 1
. Distribute Synaptic data/Start tok ‘~
Address Event Representation (AER) stribute Synaptic dataiStart token | Dge 32577
out lane 0 *1 o e + k Efanout 14b E | delay +axona| |dendritic |
‘weight 32b ' IDpget
IDpost > II:)n,r IDpost -> IDn,r oo IDpost -> II:’n,r . 1 pos
post post post ‘delay 7b ||Dw| D, |ID, ||ID_comp|

Apical / Soma

E E ? E E E E 0w 2. Compartment

Round

Robin \ | @ LT | —
L. .o t .o
E ) tk+MaxDelay kM tk+MaxDelay
Wo W1 Wij euronReceptor’
Buffp
cee Neuron Neuron State Memory
State Memary ‘___,{Vm|Tr | loxt | lexc ||inh | | n
Neuron |. . —T, i
Dynamics — Vm: Membrane Potential
¥ spike Tr: Refractory Period counter
lexi: External Current
Y ¥ 4 linn: Inhibitory Current
Round-Robin Arbitration | lexc: Excitatory Current
... - Adaptation, etc. AdEx/CAdEXx
IDpre: Presyn. (global) Neuron ID
To IDpost: Postsyn. (local) Neuron ID
" ost: .
Workshop sul Calcolo nell'INFN  26-30 May 2025 Comm. IP P
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INFN Dataflow

Istituto Nazionale di Fisica Nucleare

Memory Look-Up and distribution

" Memory Look-Up according to ID,,,,
= Extract the weight and delayof @ —
synapses connecting the ID, Neuron to

the post-synaptic neurons on this core

—

E

euronReceptor’
Buff, r

Neuron
State Memory

Neuron
Dynamics

[+ S n

—

¥ spike

IDneuron -> IDpre

Y

Y

Round-Robin Arbitration

Apical / Soma

1 t
| tie1
P f - ‘o
tk+MaxDeIay kM tk+MaxDe|av

Neuron State Memory
- ‘{Vm|Tr | |ext||exc ||inh | |n

\

Vm: Membrane Potential

T,: Refractory Period counter
lext: External Current

linh: Inhibitory Current

lexc: Excitatory Current

... - Adaptation, etc. AdEx/CAdJEXx

Workshop sul Calcolo nell'INFN  26-30 May 2025

To

Comm. IP

IDpre: Presyn. (global) Neuron ID
IDpost: Postsyn. (local) Neuron ID

Sync IDpre
—— = = -~
From | 0 | Time ‘ IDoore| IDyy ‘ |Dn| Spike
Comm. IP [ 1 ] Time [1Dcore | | sync 64t
Synaptic Memory
- fanout |Dpr:i 0
> IDpost |delay| weight - Synaptic
- data
DDR IDpost [delay| weight
- )
— IDpre->addrmem < oo fanout | 1Dpre | 1
Distribute Synaptic data/Start token
MDpre” 32b -
out lane 0 *1 e e e * k Efarr:geut 14b E | delay 4 axonal |dendritic |
‘weight 32b
|Dpost -> II:)n,r |Dpost -> IDn,r e oo IDpost -> II:)n,r :‘(Iivee|lagy 7b | IDPOSt

! . | iow| D, |iD; || [D_comp|

! D_p.nsi _.28b -
E E ™ Compartment
N Buffery

1
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Memory Look-Up and distribution

" Memory Look-Up according to ID,,,,
= Extract the weight and delay of
synapses connecting the ID,. NEuron to
the post-synaptic neurons on this core

= Distribute this data to the post-synaptic

neurons
=  Multiple out lanes to increase
throughput

Workshop sul Calcolo nell'INFN  26-30 May 2025

| Dpre'>addrmem

Sync IDpre
— - = ~
| 0 | Time | IDcore | IDw | 1D, | spike
| 1 ‘ Time ||Dcore| | Sync
DDR
¢ 192b

out lane 0

Distribute Synaptic data/Start tokenI
ﬁ 1

¥k

IDpost -> II:)n,r

—

/ |Dpost -> II:)n,r |Dpost -> IDn,r
1
Round | = e
Robin
Wo W1 Wj

]
4

-

E

euronReceptor’
Buff, r

Neuron
State Memory

Neuron
Dynamics

- H n

—

¥ spike

IDneuron -> IDpre

Dpre 32b

64b
Synaptic Memory
fanout | IDpre | O
IDpost (delay| weight |- -Synaptic
- data
IDpost delay| weight
fanout| Dpre | 1

‘fanout 14b E | delay 4axona| |dendritic |
‘weight 32b | IDpost
(delay  7b | Dw| D, |, || ID_comp|
_|_D_pnsi _.28b -
Compartment
Buffer,
t“" Apical / Soma
|/ 1
i ti i t
tk+1 tie1
P t N e
tk+MaxDeIay Sl tk+MaxDe|av

Neuron State Memory

,,——"{Vm|Tr | |ext||exc ||inh | |n

]
Y

Round-Robin Arbitration

'

To

Comm. IP

Vm: Membrane Potential

T,: Refractory Period counter
lext: External Current

linh: Inhibitory Current

lexc: Excitatory Current

... - Adaptation, etc. AdEx/CAdJEXx

IDpre: Presyn. (global) Neuron ID
IDpost: Postsyn. (local) Neuron ID
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Sync IDpre
— - - -~
Erom [ 0 | Time | IDcore | IDw [ 1Dn| spike
Comm. IP | 1 ‘ Time ||Dcore| | Sync
64b
Synaptic Memory
Memory Look-Up and distribution amout | s | 0
> IDpost|delay| weight |--Synaptic
. DDR IDpost delay We|ght data
" Memory Look-Up according to ID,,,,
. tok - B
= Extract the weight and delay of oken IDpre->addrmem [« o fanout | D | 1
i Distribute Synaptic data/Start token .
synapses conneFt|ng the ID, . nguron to — : i N ]
the post-synaptic neurons on this core 0 1 e k fanout 14p | | delay < wonal dendiite |
|Dpost -> IDn,r |Dpost -> II:)n,r e |Dpost -> II:)n,r E‘évee|laght 3?2 E IDPOSt
I - y1 | |||:>W| D, |D,|| ||D_comp|
= Distribute this data to the post-synaptic 5. % HE. E 5E. R Compartment
T T T uffer .
neurons Round | e — Apical | Soma
. . R b E pTTTTTTTTTm T ! tk t tk
= Multiple out lanes to increase obin i . ii & tet | | fie 1
throughput ﬁ g ) t+MaxDelay Yt oDelay
/VVO Wi Wij euronReceptor”
Buff, r
= Load balancing Round Robin ceo| Neuron Neuron State Memory
. . . State Memory {le T, | loxt | lexc ||inh | | n
distribution to local Workers Neuron |._.——[[
. o . Dynamics | —— Vm: Membrane Potential
containing post-synaptic neurons ¥ spike T,: Refractory Period counter
IDneuron -> IDpre lext: External Current
# + # I;):]: Inhibitory Current
Round-Robin Arbitration lexc: Excitatory Current
... - Adaptation, etc. AdEx/CAdEX
. IDpre: Presyn. (global) Neuron ID
Workshop sul Calcolo nell'INFN  26-30 May 2025 i o n::; > IDzZt: Postsyn. (local) Neuron ID
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=  When spike synaptic data

(weight,delay) reaches here,

the weight gets collocated in
ring buffer according to delay,
to be processed at a later time,

mimicking synaptic delays

Summed to previous spikes’
weights already in that time

slot, making for an aggregate
weight

Workshop sul Calcolo nell'INFN  26-30 May 2025

Sync IDpre
— - . -
[0 ] Time [ 1Dcore| IDw [1D5] spike

| 1 ‘ Time ||Dcore |><| Sync

| Dpre'>addrmem

Distribute Synaptic data/Start token

v

~,
outiane o

IDpost -> IDn,r

vk

IDpost -> 1Dn,r

64b
Synaptic Memory
fanout | IDpre | O
IDpost|delay| weight |--Synaptic
- data
DDR [Dpost |delay| weight
192b fanout | |Dpre 1
Dpe 32677
Efanout 14p ! | delay 4axona| |dendritic |
weight 32b | IDpost
delay  7b | ow| D, |, || ID_comp|
il D.p.nsl _.28Db .
Compartment
Buffer
t“’r Apical / Soma
le 1
B ty i ty
t1 th1
P t - P
tk+MaxDelay kM tk+MaxDelay

v
Neuron ._.En
Dynamics —
¥ spike

IDneuron - IDpre

v A J v

Round-Robin Arbitration

To
Comm. IP

Neuron State Memory

Y[ T [lext [lexc [linn |-+ |

Vm: Membrane Potential

T,: Refractory Period counter
lext: External Current

linh: Inhibitory Current

lexc: Excitatory Current

... - Adaptation, etc. AAEx/CAdEXx
IDpre: Presyn. (global) Neuron ID
IDpost: Postsyn. (local) Neuron ID
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=  When all pre-synaptic spikes have
been received

Worker can start Neurons
Dynamics T

~

~
SN

Currently Leaky Integrate and Fire with delta shz}b‘ed\\

post synaptic currents (iaf _psc_delta from NEST
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Spike emission

Broadcast to all Neuro-Cores

Workshop sul Calcolo nell'INFN  26-30 May 2025
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CNFN Functional Validation

Istituto Nazionale di Fisica Nucleare

= Comparing simulation results of our system with the
enstablished NEST simulator on a common network
testcase: same neuron model, connectivity,

external input spike trains. C++ simulator, with a Python
interface, implementing a large
number of models

of biological neurons and synapses

= Bit-exact agreement expected for software-simulator but not for final hardware
implementation for multiple reasons, e.g.:
= 64-bit floating point arithmetic in NEST vs fixed-point 2 27 2% 2 2
numeric representation in our system; 00010.
currently 32-bit, but evaluating smaller precision.
= Neuron dynamics implementation: differential equations solver methods suited
for software vs hardware-optimized methods
= MPI communication vs custom communication

4 2 -3
2 2 2
110

23



NEST Simulator Raster Plot (4000 neurons) F““cunnal “alldatlon
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NEST Simulator Raster Plot (4000 neurons) F“ncunnal “allda“on
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Studying effects of reduced fixed-point
representation, using the SystemC RTL-
like bit-accurate simulator

Neuron mean
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W = workers

n = neurons

Single Neuro-

Core

VPK-180 Total PL mem 994 Mb

Synaptic Mem

requires

16N (4W,4nxW) | 13.5k 21.6K 0 2 16 Kb
0.40% 0.32% 0.00% 0.04%

64n (4 W, 16 n x 21.1K 31.4K 0 4 197 Kb

W) 0.63% 0.47% 0.00% 0.08%

512 n (4 W, 128 n x | 75.5k 30.6k 0 16 4 Mb

W) 2.25% 0.45% 0.00% 0.32%

2048 n (32 W, 64 n | 764.0k 197.3k 2 96 84 Mb

X W) 22.7% 2.93% 0.01% 1.94%

2048 n (16 W, 128 n | 708.5k 106.9k 34 64 84 Mb

X W) 21.1% 1.59% 0.24% 1.30%

= Currently validating complete hardware testbed, with a Neuro-Core + a Poisson input Core on a single FPGA

Next steps

= Begin deployment of a target application, starting with a single FPGA

= Optimize fixed-point representation, architecture parameters and neuron model alongside the target application

performance

= Validate multi-FPGA design

A 4
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